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Abstract:
Wire arc additive manufacturing technology (WAAM) has become a very promising alternative to high-value large metal components in many
manufacturing industries. Due to its long process cycle time and arc-based deposition, defect monitoring, process stability and control are critical
for the WAAM system to be used in the industry. Although major progress has been made in process development, path slicing and programming,
and material analysis, a comprehensive process monitoring, and control system are yet to be developed. This paper aims to provide an in-depth
review of sensing and control design suitable for a WAAM system, including technologies developed for the generic Arc Welding process, the
Wire Arc Additive Manufacturing process and laser Additive Manufacturing. Particular focus is given to the integration of sensor-based feedback
control, and how they could be implemented into the WAAM process to improve its accuracy, reliability, and efficiency. The paper concludes by
proposing a framework for sensor-based monitoring and control system for the GMAW based WAAM process. This framework provides a
blueprint for the monitoring and control strategies during the WAAM process and aims to identify and reduce defects using information fusion
techniques.
Keywords: 3D printing; additive manufacturing; control; monitoring; WAAM.

1. Introduction
Wire arc additive manufacturing (WAAM) is an emerging technology in advanced fabrication. In contrast to other additive manufacturing (AM)
technologies, WAAM makes use of an electric arc as heat-source to deposit metal material layer-by-layer, (as illustrated in Figure 1) which makes
up the final part. According to the type of heat source, WAAM commonly has three types: Gas Tungsten Arc Welding (GTAW)-based, Gas Metal
Arc Welding (GMAW)-based and Plasma Arc Welding (PAW)-based. This method of depositing an entire component using weld metal has been
in practice since 1925 [7]. Compared to laser additive manufacturing (AM) techniques, WAAM features a number of distinct advantages. Firstly,
deposition rates of WAAM processes are typically much higher than laser based AM [8], making WAAM is more appropriate for the production
of large scale complex components[9, 10]. WAAM also features relatively low equipment costs, as it typically makes use of off-the-shelf industrial
robotics and arc-welding equipment. When compared to laser powder AM methods, WAAM also features better material utilization ratio and more
environmental-friendly production process [11].
As WAAM technology has a wide range of potential applications across a number of manufacturing sectors, research and development of its
general principles has been increasing at rapid rate, as shown in Figure 2. Despite this, however, there remain a number of issues that hinder the
widespread integration of WAAM into our various manufacturing industries. Harris and Director [12] identified the lack of process robustness,
stability and repeatability as the major barriers for the industrial breakthrough of metal AM. This can be largely attributed to the lack of process
monitoring and closed loop control of the overall WAAM process. According to a road map workshop on measurement science needs for metal-

based AM [13], process monitoring and feedback control for AM process were also identified as key advancements critical to the overall methods’
success. As a new emerging technology, those issues also exist in WAAM and the main challenges for application of WAAM can be summarized
as manufacturing accuracy, quality assurance and automation level. In traditional welding and AM area, different monitoring method has been
tried to improve those issues [14]. The sensing methods mainly include vision sensing, spectral sensing, acoustic sensing and thermal sensing.
Different type of sensors feature in different aspects and play various role in process monitoring. For example, vision sensors are more applicable
to monitor surface object while spectral and acoustic sensing method could be utilized to monitor the internal changes of material. Those research
effort will provide reference and inspiration for future research and the development of WAAM.

(b)

(a)

(c)

Figure 1 (a) Schematic of the WAAM system. (b) Photograph of the sample. (c) Schematic of cross sections of the samples
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Figure 2 Publication trend of articles on WAAM
Although there are numerous research efforts that address the importance of monitoring and control for AM processes, the results and insights
produced are still sparse and have not been compiled in a single source. Besides, integrated automated commercial WAAM system is still
unavailable. Therefore, in this work, we aim to review current process monitoring and control systems in laser based AM, WAAM and welding
areas for future research of WAAM. Furthermore, a framework of automated WAAM system will be proposed based on literature review and our
preliminary research work. This study aims to provide inspiration, knowledge, and strategy for WAAM monitoring and control. Laser AM and

WAAM both involve metal melting and solidifying, and layer-by-layer deposition process. Therefore, some sensing methods and control strategies
used in laser AM could be also adopted in WAAM. For example, the spectral sensing method used in laser AM could be also utilized to monitor
the arc spectrum in WAAM. The inspection method for surface defects in laser AM could be also adopted in WAAM. This review could also
provide orientation for developing automation systems for other forms of AM.
This paper is organized as follows: Section 2 describes some fundamental hindrances to the general WAAM process. To explore potential solutions
to these identified shortcomings, Section 3 and Section 4 review literature relating to process monitoring and control in AM. In section 5, an
automatic WAAM system with monitoring and control function is proposed. Section 6 concludes this paper.

2. Challenges and opportunities
As an emerging AM technology, there are still a number of technical challenges for WAAM that need to be overcome to ensure the reliable quality
of produced parts. These challenges can be divided into three distinct categories: manufacturing accuracy, quality assurance and automation system,
as shown in Figure 3 below. The remainder of this chapter aims to explore these three categories further by identifying the core issues at hand, and
discussing commonalities between them.

Figure 3 Summary of challenges to the overall WAAM process

2.1 Manufacturing accuracy
The arc-welding process at the heart of WAAM technologies has specific limits to the level of accuracy achievable in the deposition process. For
example, the accuracy of a deposited component is limited by the diameter of the wire used. Arc ignition and extinguishment processes also lead
to significant fluctuations in deposited bead geometries. Inappropriate selection of welding process parameters can also affect the geometric
accuracy of deposited components. Distortion caused by heat accumulation [15] and the resultant shrinkage during cooling [16] also make it

difficult to control the accuracy of the deposition. Compounding all this is the ‘staircase effect’, wherein small geometric errors in each deposited
layer accumulate over the multi-layer build process, further accentuating the negative effect of these errors [17].
Researchers have developed bead geometry prediction models to address issues relating to deposition accuracy. These models assist in the selection
of appropriate process parameters and are also employed in planning tool paths for the deposition process [18]. Xiong et al. [19] used neural
network and second-order regression to model the relationship between a suite of process variables and the resultant bead geometry for WAAM.
Nagesh and Datta [20] utilized a Back Propagation (BP) neural network model for estimating bead geometry for TIG welding processes. It must
be noted that these approaches operate in an offline manner, making use of static training data. However, in contrast to this, the WAAM process
is a time varying system due to factors such as heat accumulation and varying boundary conditions. As the number of deposited layers increase, it
is inevitable that the prediction model will begin to skew from the physical process (see ‘staircase effect’ [17]).
To overcome this, it is necessary to build an online learning adaptive model which makes use of temperature build up as an input. As a result,
different sensors, including geometry measuring sensors and temperature sensors should be integrated to WAAM system to monitor this process.
Furthermore, closed-loop control should be implement to guarantee the accuracy and stability in WAAM process.

2.2 Quality assurance
The reliable production of parts to requisite standards of quality is critical to the uptake of WAAM in modern manufacturing. In the context of this
work, we are particularly interested in the detection and mitigation of welding related defects which occur during the WAAM process.
WAAM shares a suite commonalities between both laser AM and arc welding processes. In the context of this section, these commonalities concern
the generalized fabrication procedure along with the metal remelting and bonding process. Arc welding and WAAM share the utilization of an
electric arc as the primary heat source, thus they both share a number of common or similar defects. Laser AM and WAAM share a similar build
procedure, so defects relating to the layer-by-layer build process are common to both. With this in mind, we can look to established quality
assurance methods used in both laser AM and arc-welding processes for inspiration which can be applied to WAAM.
These commonalities are represented in Figure 4, below. Defects common to all three processes include porosity, void and crack formation. Those
defects result from an array of factors, including raw contamination, poor process parameters, environmental disturbance and process instability.
The presence of these defects results in abnormalities in certain process signals, such as visual, spectral and electrical responses. Through careful
online monitoring these signals, it is possible to identify these corresponding defects. These concepts are explored further in section 3.

Figure 4 Defects in WAAM, Laser AM and arc welding

2.3 Automation system
Compared to Laser based AM, WAAM still lacks a suite of integrated equipment, and there is still no commercial WAAM system available on
the market. WAAM based manufacturing is still, for the most part, carried out in a lab-type environment, by people who are experts in the various

intricacies of the process. Different parts are built up with different parameter sets, carefully selected by the operator in order to generate the final
part. This indicates that significant improvements to the automation systems which carry out the WAAM process remain to be developed. At
present, the WAAM process still requires a large amount of human involvement, such as the pause/resume commands during cooling phases.
Additionally, adjustments to the tool path and process parameters also generally rely on human intervention during the build process, all of which
rely heavily on the experience and knowledge of the operator overseeing the build process.
In order to extend the application of WAAM in industry, it is necessary to improve levels of automation. To achieve this aim, real time process
monitoring during WAAM is essential, including visual signal, electrical signal and so on. Furthermore, based on those signals, process control
and decision making algorithm should be developed to control and optimize the process.
We should also discuss the software development for WAAM. Software is critical, and also provides the backbone for automation and process
monitoring. Not many commercial software options for WAAM are mature. Automated robotic welding (generic welding, not WAAM) solutions
are now only just becoming more common in industry, after years of software development. A heavy focus on software development is key in
integrating the ideas brought forward in this work into real world WAAM solutions.

2.4 Opportunities
As addressed above, the main challenges for WAAM mainly include manufacturing accuracy, quality assurance and demand for automation system.
At the same time, there are also opportunities for the development of WAAM with the concept of Industry 4.0 being put forward.

The concept of Industry 4.0 was proposed for the fourth industrial revolution, which addressed the integration of automation, cloud computing,
Big Data and Internet of Thing (IoT) in modern manufacturing industry. Haleem and Javaid [21] proposed that Additive manufacturing and robots
are essential parts of the CPS-based manufacturing systems of Industry 4.0. As asserted by Dilberoglu et al. [22], with the development of Industry
4.0, additive manufacturing technology will be widely used to produce small batches of customized products that offer construction advantages,
such as complicated, lightweight designs. Efficient additive manufacturing systems will reduce transport distances and stock on hand. At the same
time, the advanced information technologies in industry 4.0 could also promote the development of AM. The concept of Internet of Thing could
help to realize the unmanned workshops for WAAM and the manpower can be saved efficiently. The concept of Big Data will help to realize the
data sharing and processing, which could improve the CAD design, process optimization, and quality control for WAAM.
Furthermore, the emergence of Artificial Intelligence (AI) technology will also promote the development of WAAM. Some scholars have proposed
to apply AI in WAAM. For example, Wang et al. [23] proposed to utilize a convolutional neural network to predict the future images of welding
pool during WAAM process, and the weld reinforcement was predicted by a regression network. Nguyen et al. [24] applied an artificial neural
network in path planning to determine characteristic distance. Deng et al. [25] proposed to use XGBoost algorithm to predict the bead geometry
in WAAM. Tang et al. [26] applied deep learning algorithms to categorize the surface image of WAAM, and the surface defects can be inspected.

3. Sensing methods in AM
To improve WAAM we must monitor various data produced during the process, with particular attention to variables that affect the quality of
deposited weld-material. As shown in Table 1, there are significant efforts being made by researchers to correlate various process data for the
quality of built layers. Visual data, along with temperature, spectral and acoustical signals, amongst others, form particular focal areas of this work.
In the following section, an overview of the main monitoring technologies used in AM and related fields will be provided.
Table 1 Monitoring method of different defects
Objectives

Vision

Spectrum

Acoustic

Electric

Thermal

Porosity & Void

[27]

[28, 29]
[30]

[31] [32] [33]

[34, 35] [36]

[37] [27]

Crack

[38] [39]
[40]

[41] [42]

[41] [43] [44] [40, 42]

[45]

[46] [39]

Surface defect

[26]

[47] [48] [49]

[50]

[46]

Melt pool
dynamic

[51] [52]

[53]

[56] [57]

[58] [59]

[54] [55]

Formation reason
➢ Raw material contamination
➢ Unstable process
➢ Poor process parameters
➢ High heat input and high
cooling rate
➢ Poor process parameters
➢ Large stress
➢ Poor process parameters
➢ Lack of protective gas

3.1 Vision sensing
Vision sensing is the most direct sensing method, it is useful for analysis of melt pool dynamics and layer/surface morphology. Furthermore,
through monitoring by visual sensor, information for use in feedback control, such as melt pool width, height and morphology, can be obtained in
real-time. With the development of computer vision technology, a wide range of studies have focused on the acquisition of visual information
during manufacturing process.
In the distinct field of laser AM, visual sensing has played an important role. Davis and Shin [60] utilized CCD camera and line laser to monitor
the bead profile during a laser cladding process. Line detection and spur trimming algorithms are used to extract the required data. This method is
able to obtain bead width and height, which could be used to optimize process parameters in the next layer. For feedback control, however this
sensing method may not be suitable due to relatively high processing times causing a lag effect. In another research [61], it was shown that the
final quality of AM components is related to dynamic effects in the melt pool. Visual sensing also offers a method to acquire these dynamic
properties and hence offer another level of control over the deposition process. Clijsters et al. [62] developed an optical system, which consisted
of high-speed near-infrared (NIR) thermal CMOS camera and a photodiode to monitor the melt pool. The CMOS camera is capable of obtaining
geometry of the molten pool, and the photodiode is used to get the molten pool size. The data is processed by “mapping algorithm” to provide an
indication of the products final quality.

Spatter is another process signature analysed during laser AM process. Measuring spatter levels can be useful in that they can reflect the overall
process stability. Thus, some vision based sensing methods were developed to monitor spatter in laser AM process. As illustrated in Figure 5,
Repossini et al. [63] utilized high-speed camera to capture the image of spatter produced in laser powder bed fusion (LPBF) process. Through
feature extraction and data mining approach for image, various melting conditions can be diagnosed during LPBF processes. Furthermore, Grasso
et al. [64] developed an in situ monitoring system for SLM process based on capturing infrared images of the process plume. Through methods of
machine learning, unstable melting conditions can be detected. Zhang et al. [65] captured the image of melt pool, plume and spatter levels produced
in laser powder-bed fusion AM using a single high-speed camera. Key features of these datasets were extracted and used as inputs for Support
Vector Machine (SVM) and convolutional neural network (CNN) classifiers. Three distinct levels of product quality were then identified through
the resultant models.
Visual monitoring of the deposited surface is a method also employed by researchers. Surface features can be linked to the discontinuities or
defects in the final component. In the research by Gobert et al. [66], multiple surface images were collected at each layer during laser AM using a
high resolution digital single-lens reflex (DSLR) camera. For each neighborhood in the resulting layer wise image stack, multidimensional visual
features were extracted and evaluated using binary classification techniques. Through binary classification, neighborhoods are then categorized as
either a flaw, i.e. an undesirable interruption in the typical structure of the material, or a nominal build condition.
In WAAM applications, visual sensing methods were also applied to monitor the defects and process stability widely. Monitored objects consist
of melt pool, wire position, arc length and bead surface morphology etc., which can help further advance the development of AM process

monitoring techniques. For WAAM system, the wire-feeding direction and position plays a vital role in getting a stable deposition process and
smooth weld bead by resulting in different droplet transfer modes. However, significant deviations between the expected wire-feeding position
and arc length occur in reality. Zhan et al. [67] developed a camera based wire-feeding position online monitoring and correction system for a
plasma based WAAM. Adaptive threshold and Hough transform were used to extract the wire edges and merge the coincident lines, and Radon
transform was applied to measure the wire deflection. Bonaccorso et al. [68] proposed a method combining an image processing-based method
and arc voltage measurement to control the arc length during the GTAW based WAAM process. Tang et al. [26] attempted to detect surface layer
defects during WAAM process, where a camera was used to obtain the image of the deposition surface in real time. Deep learning algorithms and
SVM (as shown in Figure 6) were used to classify different surface defects, which were normal, pore, hump, depression and undercut. A high
classify accuracy was obtained.

Figure 5 High-speed camera for laser AM process monitoring [63]

Figure 6 Structure of binary tree of SVM method [26]

3.2 Spectral sensing
Optical emission spectroscopy is an effective tool for composition analysis since elemental information is imbedded in spectral signals, which has
been used to better understand physical mechanisms and also monitor conditions during processing. For laser AM, Beyer et al. [69] utilized optical
emission spectroscopy to identify phase transformation during laser AM processing. It was reported in their research that the phase transformation
can affect the characteristics of laser induced plasma during a direct laser material synthesis process. Through monitoring the spectral signal of
plasma, the phase transformation can be diagnosed online. By using a spectrometer to monitor laser induced plasma, and through training support
vector regression (SVR) with two feature of plasma spectral signal [70], Al concentration can be measured online during laser additive

manufacturing of Ti-Al binary alloying process. Ya et al. [71] tried to obtain the temperature of electrons by collecting the spectral signal produced
in a laser AM process. The electron temperature and intensity ratio of the spectral signal was calculated and used to indicate the onset of metallic
bonding and extent of dilution during a given deposition process.
In WAAM applications, the spectrum produced from arc-welding tasks contains a wide array of information, include metal vapors, shielding gases
and arc gases. Therefore, it can be intrinsically linked to defects in the WAAM process. This makes it a particularly promising method for online
defect detection. As shown in Figure 7, based on spectroscopy signal monitoring, Zhang et al. [47] found that welding perturbations and defects
during GTAW process can be diagnosed. Huang et al. [29] utilized a portable spectrometer to obtain spectral signals in the GTAW of aluminum
alloys. An improved SVM classification model with genetic algorithm (GA) optimization was developed to guarantee accurate estimation of
different types of porosity defects.

Figure 7 Diagram of spectrum monitor system [47]

3.3 Acoustic sensing
Acoustic sensors can provide many advantages in the monitoring of AM process since they are non-contact, non-destructive, and flexible. Recorded
acoustic emissions (AE) from a welding process has been shown to produce insights into properties contained within the interior of the materials
being welded, such as defect-related information like cracks and porosity. For example, Gaja and Liou [72] used an AE sensor to monitor a laser
deposition process. It was found that defects such as cracks and pores occurring during this process could be diagnosed by K-means clustering and
principal component analysis (PCA) of the obtained signal data. As illustrated in Figure 8, Shevchik et al. [73] developed a method of AE sensing
for in situ quality monitoring during the laser powder-bed AM process. A Fiber Bragg grating (FBG) sensor, which can provide high sensitivity
signal detection, was mounted directly inside the process chamber, ~200mm from the processing zone. A CNN classifier was developed to process
these AE signals, and characterize porosity concentrations during the process. Ye et al. [74] used a microphone to receive an AE signal produced
by a Laser melting process. This signal is classified by a deep belief network (DBN) into five melted states. Wang et al. [75] employed the use of
AE testing for crack detection during powder directed energy deposition process. With information relating to the speed of the AE signals, and
the time taken for the acoustic sensors to receive/process them, the position of cracks created during the process, and propagation direction, can
be established.
For WAAM applications, AE signals could be used to infer the arc condition, melt pool dynamics and material internal change. Many factors in a
typical WAAM process are can be related back to a characteristic AE signal, including process parameters, variation of welding arc, droplets

transitional mode and so on. Pal et al. [76] [77] found AE signals are a good indicator of droplet transfer mode and defects during arc welding
process. Bhattacharya et al. [78] used an AE sensor, along with Hall-effect current sensor and voltage sensor, to monitor an arc welding deposition
process. An artificial neural network (ANN) model with three inputs (current, voltage and sound kurtosis) was built to predict the deposition
efficiency. Saad et al. [79] analyzed the relationships between an AE signal and the modes (keyhole mode and cutting mode) of the welding pool
in plasma welding process. In this work, a Welch power spectral density (PSD) estimate is used for preprocessing the AE data, and it was found
that keyhole mode and cutting mode during the welding process can be distinguished through an ANN model. Chen and Chen [80] applied a
weighted mean method to estimate the arc length from welding voltage and sound intensity. Van Bohemen et al. [81] demonstrated that martensite
formation during GTAW of steel 42CrMo4 can be recognized by monitoring AE signal. It was found that a certain relationships exists between
the root mean square (RMS) value of the measured AE, and the volume rate of the martensite formation during GTAW. Sumesh et al. [82] used a
microphone to monitor the acoustic signal generated during welding process. The machine learning algorithms, named J48 and random forest,
were applied to identify the good weld, weld with lack of fusion and burn through. In the field of ultrasonic techniques, Rieder et al. [33] conducted
online ultrasonic measurement during AM process, and found it is potentially able to indicate qualitative evaluation of residual stresses and porosity.
Slotwinski and Garboczi [32] developed an ultrasonic sensor for detecting changes in porosity in metal parts during fabrication on a metal powder
bed fusion system.
There are many successful research publications into AE sensing in Laser AM and traditional GMAW applications. But none or not many in
WAAM. There is high potential in this area, but researchers have not investigated this in-depth yet.

Figure 8 Diagram of acoustic in situ monitoring system for laser AM [73]

3.4 Thermal sensing
The principle behind thermography is based on the difference in thermal behavior between the internal structure of the examined object and its
flaws. Variations in thermal profile locally or differences in thermal behaviour over time, present a material processing challenge as these can cause
different phases and microstructures to develop within the build, leading to inhomogeneous material properties. Thermography is a rapid method
as compared to other NDT techniques, such as ultrasonic, for the examination of parts where surface contact or access is difficult. It is easily able
to monitor the process during manufacture, allowing for fast results. Mireles et al. [37] developed an infrared thermography system for AM

monitoring. Results from layer-wise thermography were compared with results obtained using computer tomography (CT) scanning techniques
and found the thermographs provide a good indication of defects. Krauss et al. [83] implemented the use of infrared camera to track the process
of solidification and quality of powder layer in SLM (selective laser melting). With this approach, variations in powder layer thickness and a range
of flaws were detectable during deposition. Sreedhar et al. [27] developed a thermal image based online monitoring system (shown in Figure 9)
for GTAW process. They found that thermal images from defect-free and defective sectors show statistically distinct features for a simple
threshold-based processing. Khanzadeh et al. [84] utilized a pyrometer and thermal camera to monitor the melt pool thermal profile during a laser
AM process. Self-organizing maps (SOM) were applied to analyse the 2D melt pool dataset. With properly selected SOM data, the proposed
method was found to identify and predict the location of generated porosity almost 85% of the time.

Figure 9 Schematic diagram of thermal monitoring system [27]

3.5 Section summary

Figure 10 Features of sensor for WAAM

From the introduction above, it can be seem that a wide range of sensors can be used to monitor the AM process according to the various application
occasions. Generally, visual sensor is more applicable to monitor the surface defects and measure the geometrical deviation for feedback control.
It has the advantages of rich information and high accuracy. The drawback of visual sensor is that the information in images may be blocked by

the strong arc if the arc is not filtered out efficiently. Spectral and acoustic sensors are applicable to detect the internal defects, like pores and
cracks. Spectral sensor has the advantages of high sensitivity and rich information. However, its limitation is the obtained information is not
intuitive, so its prediction results highly rely on the of data processing and analysis algorithm. Acoustic sensors can also be used to monitor the
stability of arc and the mode of droplet transition. However, it is vulnerable to the external disturbance, such as environment noise and most of the
acoustic information is correlated to the welding electrical signals which can be easily collected from the welding machine. Thermal sensor is
capable of collecting the thermal history of the component through capturing the distribution of temperature. It has the advantages of high
robustness, while its disadvantage is that its accuracy highly rely on the reflection coefficient that set by users. Figure 10 summarizes the characters
of the different sensors used in AM.

4. Control strategies in AM
As reported by a roadmap workshop on measurement science needs for the metal-based AM technologies [85], feedback control systems for
additive manufacturing are identified as a critical step in manufacturing industry. During deposition process, when the number of the deposited
layers increases, it will be hard to control both the morphology and size of a deposited layer, which will affect the geometrical accuracy. The shape
of beads can’t be easily controlled because of the heat accumulation, especially when the melt pool is situated at the boundary of the deposited
layer. Thus, in-the-loop feedback control of the overall process plays a critical role in ensuring reliable production for WAAM.

Table 2 summarizes a literature review on work done in this type of control in AM applications. These control systems typically focus on layer
height, width and temperature of the melt pool. Advanced control strategies like adaptive control, predictive control and intelligent control
algorithm were utilized to achieve closed-loop control. In this section, we will review and discuss this work in Laser AM and WAAM.
Table 2 Summary of process control research in AM

Process method

WAAM

Control object

Process method

Manipulated Variables

Sensing method

Control strategy

Reference

Layer height

WAAM
WAAM
WAAM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM
Laser AM

WFS
WFS
Travel speed
WFS
Travel speed
Travel speed
Laser power
Laser power
Laser power
Laser power
Laser power
Laser power
Laser power
WFS

CCD
Laser scanner
CCD
CMOS Camera
CCD
CCD
CCD
CCD & Pyrometer
CMOS
Pyrometer
Thermal camera
Pyrometer
CCD & Pyrometer
Resistance sensor

Adaptive control
Internal model control
Neural self-learning control
Iterative learning control
Inverse ANFIS model based control
Adaptive Sliding Mode control
Fuzzy-PID
Generalized Predictive control
PI
PID
PI
Adaptive fuzzy sliding-mode
Predictive control
Iterative learning control

[86]
[87, 88]
[89]
[90] [91]
[92]
[93] [94]
[95]
[96]
[97]
[98]
[94]
[99]
[96]
[100] [101]

Layer width

Layer height

Laser AM

Layer width
Melt pool
temperature
Tool distance

4.1 Laser AM process control
For laser AM, when compared to WAAM, a large number of research in process control has been conducted. A review of literature reveals this
body of work predominantly focuses on geometric and thermal control methodologies. Han and Jafari [102] designed a coordination-control
scheme that can ensure uniform bead geometry and deposition accuracy in a laser AM process. To do this, material flow was regulated to match

the relative changes in speed between the deposition-head and work piece in real time. In the research by Hu and Kovacevic [103], a high framerate (up to 800 frames/s) camera was installed coaxially on the top of the laser-nozzle setup to acquire infrared images of the molten pool realtime. From those images, dimensions of the melt pool can be measured to implement feedback control. Hofman et al. [97] used a CMOS camera
to obtain the width of the melt pool during a laser AM process, and a PI controller was then used to control the pools width during deposition. Cao
and Ayalew [104] proposed a control-oriented multiple input multiple output (MIMO) model for a class of laser aided powder deposition (LAPD)
processes. The MIMO model is derived in Hammerstein form by combining linearized dynamics coupled with nonlinear relationships derived
from mass and heat balance considerations. This inputs to this model were laser power and scanning speed, whilst layer height and molten pool
temperature as were given as outputs. Zeinali and Khajepour [93] used a CCD camera to obtain molten pool height (shown in Figure 11) and
realize feedback control in laser cladding process. An adaptive sliding mode control algorithm with an uncertainty estimator was developed to
control the clad height, and the performance of controller was validated through a number of experiments.

Figure 11 Laser cladding experimental setup [93]

Heralić et al. [91] [90] used a 3D scan sensor to get the height profile during a laser-wire AM process. Through a method of Iterative Learning
Control (ILC), the deviations in deposited layer heights could be compensated for by controlling the wire feed rate on next deposition layer. This
feedforwards control strategy utilized a PI controller to control the bead width through modifying the laser power. In a similar approach, Hagqvist
et al. [100] measured the distance between the tool and the work piece by measuring resistance between nozzle and substrate during laser-wire
AM processes, and feedforward control was used to flatten the upcoming layer in the deposition process. A second order ICL algorithm was used
to determining the wire feed rate.
Song et al. [96] designed a hybrid control system to for adjusting deposition height and molten pool temperature. They designed a master-slave
type control scheme; the master height controller and slave temperature controller. This configuration means the temperature controller will be

disabled when the deposition height is above a certain preset value. The height controller is a simple rule-based controller and the temperature
controller applied a generalized predictive control algorithm. Generalized predictive control takes both feed-forward and feedback signals into the
control action to improve performance. This hybrid control system was able to stabilize layer growth by avoiding over-building and compensating
under-building through control of the process heat input. Wang and Chen [105] proposed to use fractional-order repetitive control (RC) to advance
the quality of laser based AM. In this work, three RC designs were proposed to address fractional-order repetitive processes. In particular, a new
multirate RC was developed and found to provide superior performance gains by generating high-gain control at the fundamental and harmonic
frequencies of exogenous signals. Experimentation was conducted to validate the effectiveness of this approach.
For conventional control methods, the effect of control algorithm highly relies on the accuracy of the mathematical model of the system dynamic.
However, since typical AM processes are complex and nonlinear, and process variables couple with each other, it proves quite a difficult task to
develop an accurate mathematical model. Nowadays, intelligent control algorithms are being developed to control such complicated systems with
uncertain mathematical models and highly nonlinear task requirements. In previous literature, intelligent control algorithms have been utilized for
AM process control. For example, Hua and Choi [95] developed a fuzzy logic-based PID controller to track reference heights through varying
laser power during a laser deposition process. Fuzzy logic-based control doesn’t require an accurate mathematical model, but it demands knowledge
and experience. With this in mind, PID parameters could be tuned adaptively to deal with a time varying system by way of fuzzy logic. In the
works by Zeinali and Khajepour [101], a fuzzy logic-based dynamic model was developed for a laser cladding process. In this work dynamics
relating to scanning speed and layer height was modeled. A fuzzy modelling approach was used, and some model parameters were estimated

online to deal with uncertainties. This online learning approach provided adaption for the real-time control applications. Farshidianfar et al. [92]
used Adaptive neuro-fuzzy inference systems (ANFIS) algorithm to model and control the clad height in a laser cladding process. A CCD camera
was used to measure the real-time clad height, whilst scanning speed was used as the control action. Renken et al. [106] proposed a learning based
control scheme for laser additive manufacturing. In this control approach, an adaptive self-learning strategy was used, which aimed to maintain
the stability of the process by updating the parameters of the multidimensional model to restrain environmental influences during the process. Data
from an RGB sensor was used to correlate the molten pool size (height and width) with temperature (intensity of RGB signals). Polynomials and
radial basis functions (RBF) were implemented into the real-time model, which allowed upcoming data to be integrated into the calculation of
updated model parameters.
During the AM process, the temperature of the melt pool typically varies due to heat accumulation in the substrate, which can lead to defects such
as non-uniform microstructure, increased heat affect zone, cracking and so on. This makes it important to actively regulate heat input in order to
control temperatures in the melt pool. Tang and Landers [107] proposed a layer-to-layer temperature control strategy, where the laser power profile
is adjusted between deposited layers. Layer height and temperature are measured in real-time and are then used to estimate the parameters of
process physical model through a PSO-based system identification program online. With the model and desired temperature, the laser profile for
the next layer could be calculated through iterative learning algorithm. Sammons et al. [108] proposed to use Iterative Learning Control (ICL)
algorithm to develop a feed-forward method of adaptive control for the morphology of the melt pool. Tang and Landers [109] utilized Internal
Model Principle to design a temperature controller for laser metal deposition. This empirical process model describes the relation between the

temperature, and laser power, powder flow rate and traverse speed. The controller able to track the time varying reference temperature effectively.
In order to control the molten pool temperature during laser AM, Devesse et al. [110] [94] designed a controller consisting of a linear state feedback
controller and PI controller. The state space equation was deduced from the physical heat conduction model of the melt pool dynamics. The
temperature of molten pool was measured by a hyperspectral camera. A hardware-in-the-loop (HIL) system was built to enable safe and costeffective testing of the controller in different simulation environments. In order to control the heat input into the cladding layer and substrate,
Salehi and Brandt [98] designed a PID controller to control the temperature of the molten pool. A second order transfer function for the laser
cladding process was generated through step response experiments. Through validation of experiments, it was found that the controlled temperature
of the molten pool was able to facilitate a reduction in the amount of porosity. A more uniform and smaller HAZ, as well as lower dilution, was
obtained (relative to the uncontrolled cladding layer). Bi et al. [111] achieved closed-loop control based on infra temperature signal during a laser
powder deposition process, constant set-values and path-dependent set-values control were tested and compared. It was found that the process
control with a path-dependent set-value can notably improve the homogeneity of the microstructure and mechanical property, as well as the
dimensional accuracy of the deposited components. Farshidianfar et al. [112] utilized an infrared camera to monitor surface temperatures during
the AM process as feedback signals, and a novel PID controller was established to control the cooling rate.

4.2 WAAM process control
In more recent years, work relating to feedback control systems specifically for WAAM is beginning to emerge. Examples of this include, Xiong
and Zhang [86], where an adaptive layer height controller for GMAW based WAAM process was developed. A passive visual sensing system was
developed to measure the nozzle to top surface distance (NTSD) as a feedback signal. After approximating the controlled process into a linear
system, an adaptive controller was proposed to keep the NTSD constant through adjust wire-feed speed online. In this same work, a neural selflearning PSD controller for bead width was also developed.
During the WAAM process, the welding robot has to decelerate at sharp corners to satisfy dynamic constrains. This can result in over-fill if the
wire-feed rate is kept constant. To solve this problem, Li et al. [113] proposed an adaptive process control scheme (APCS) to maintain a uniform
bead geometry. The APCS dynamically selects appropriate wire-feed rates according to the dynamic constraint at different sections of the required
welding tool path. As this approach is an open-loop control system, high accuracy modelling of the process is required. Doumanidis and Kwak
[87] [88, 114] used a laser scanner and thermal camera to monitor the bead and implemented closed loop control in GMAW based WAAM. To
compensate for measurement delays, real-time prediction by a deposition model is employed.
As WAAM features many similarities to the more general field of arc welding technology, we are able to also look into this well-established field
of research for inspiration as well. Smith et al. [115] implemented feedback control during GTAW of Inconel 718. A CCD camera was used to
obtain the image of the molten pool surface, the width of the melt pool was measured and used as a feedback signal to control the weld process.

Fan et al. [116] developed a pinot infrared sensing system to monitor the temperature directly surrounding the melt pool during an arc welding
process. In this method, the measured temperature signal was utilized as feedback to control welding penetration. As arc welding is typically a
complex, time-variant, process, advanced control algorithm should be developed. Liu and Zhang [117] [118] designed a model predictive controller
for arc welding processes to control the penetration or weld pool geometry.
There is a lot of Laser AM control systems as it has been researched much more. It is apparent that from this literature review that WAAM is still
an emerging process, and these types of control architecture and research etc. is critical to bringing it more to an industry solution. Therefore, a
framework of automatic WAAM system was proposed based on literature review. The proposed automatic WAAM system consists of two modules:
multiple sensor monitoring module and controller module. The proposed framework can help push forward the development of WAAM in both
research and industry.

4.3 Section summary
This section reviews the research effort of process control in both laser AM and WAAM. It can be seen that the research mainly concentrate on
laser AM process control, while the research on WAAM process control is relatively insufficient. The feedback signals in the AM process mainly
include layer height, layer width, the temperature of the melt pool, and tool distance. The sensors used to measure feedback signals comprise of
CCD camera, pyrometer, laser scanner, and so on. Many advanced control algorithms also have been applied in AM process control, such as
predictive control, fuzzy control, and adaptive control.

5. Proposed framework
This study aims to provide readers with knowledge, strategy, and mothed for process monitoring and control in WAAM. Although there have been
certain related research efforts in these fields, they are still separate. This study gathers and categorizes the previous study. As an emerging
technology, the research on WAAM process monitoring is still limited. Therefore, this article also reviews research effort in laser AM and arc
welding process, which has a similar process with WAAM. In order to make the reviewed content more specific and provide readers with
inspiration, a framework was proposed out as an example in this section. This framework borrows ideas from previous research. At present, there
is still no commercial WAAM automatic system available. This framework will help promote the development of WAAM in both academia and
industry.
Based on the review, a process monitoring and control framework is proposed for GMAW based WAAM system. As shown in Figure 12, the
system consists of two subsystems: multiple-sensor monitoring module and control module. The monitoring system is responsible for capturing
process signals and proving warning of defects. The function of the control system is to regulate the bead geometry and heat input.
The overall goal of this monitoring and control system is to improve the process stability, geometrical accuracy, production quality, and implement
online diagnosis of defects for WAAM. Considering the feasibility for real-time monitoring in realistic production, sensing methods, with sensitive,
reliable and stable properties, are more preferred to be utilized in our proposed framework. Methods like high-speed camera, X-ray and neutron
diffraction, which are high-cost and more applicable in the laboratory, will not be included.

Figure 12 Monitoring and control system of WAAM

5.1 Multiple sensor monitoring system
Based on the literature review, a multiple sensor based monitoring system for WAAM process was proposed, which aim to detect different types
of defects and process instability. The sensors Integrated includes CCD camera, 3D Scanner, Electrical Sensor, spectrometer and acoustic sensor.
This multiple-sensor system will be able to monitor different object during WAAM process. The temperature of deposition surface will be
monitored by pyrometer and thermal camera. The morphology of deposition surface will be measured by the laser scanner. In order to monitor

melt pool, CCD camera will be utilized. Therefore, the surface morphology and temperature filed can be obtained. During WAAM process,
electrical arc may contain abundant information, which is able to reflect welding quality. Therefore, the spectral signal of welding arc will be
collected by a spectrometer, and the welding voltage and current will be monitored by electrical sensors. Figure 13 is an illustration of a part of
software interfaces of monitoring system for various sensors.
However, the raw signals can’t reflect the specific phenomenon directly, therefore data processing, feature extraction and decision making will be
implemented in algorithm layer. For example, deep learning neural network could be used to extract features from melt pool image. Based on deep
learning model, different welding states and some defects can be determined. In spectral signals and electrical signals, abnormality could be
diagnosed by classification algorithms of machine learning, such as Support Vector Machine, K-Nearest Neighbor and Random Forest. The
decision making module will implement the tasks like defects warning, parameter adjustment, process pause, and removal of defect part. For
example, when the monitoring system discriminate the generation of porosity, which can’t be accepted according to the quality requirement, then
surface machining will be performed on this layer to remove the porosity. Besides, when the thermal sensors capture the temperature of bead
surface, action judgement will be triggered. If the temperature beyond the pre-set value, then decision module will pause the WAAM process and
start cooling. When the bead surface temperature cooling to a certain value, the WAAM process will continue.

(a)

(b)

(d)

(c)

(e)

Figure 13 Illustration of monitoring software interface of different sensors. (a) Camera (b) Thermal camera (c) Laser scanner (d) Electrical sensors (e) Melt
pool vision sensor

5.2 Control system
In order to achieve a good quality and process stability for WAAM, feedback controllers will be developed for the automatic WAAM system.
Width and height are the most important geometry feature of deposition layer. Therefore, they will be regulated by advanced controllers. The

interface of the bead with control program is shown in Figure 14, which is developed by C#. This control program implements image processing,
control algorithm and hardware communication. As illustrated in Figure 15, it’s a single bead deposited under the control of Model Predictive
Control (MPC) algorithm. Figure 15. (a) presents the width of single bead under MPC control, and Figure 15. (b) presents the wire feed speed
(WFS) calculated by MPC controller during control process. The initial reference point was set to be 6mm and then increased to 9 mm. It can be
seen that the MPC is capable to track varying set-value with little overshoot and acceptable responding time.
Figure 16 shows the image of welding area from a side view during WAAM process, which is captured by Xiris welding camera. It can be seen
that the layer height could be measured on the image. Furthermore, feedback control for layer height will be implemented in the future.

Figure 14 Interface of control program

(a)

(b)

(c)
Figure 15 Control performance of MPC (a). Controlled layer width (b). WFS (c). Bead appearance

Figure 16 Welding image from side view

6. Conclusion
The lack of robustness and repeatability of metal AM processes has been widely pointed out as one major issue that deserves considerable research
efforts and technological advances. Therefore development and implementation of monitoring and control strategies possess a priority to push
forward the industrial breakthrough of metal AM technology. In this paper, a comprehensive review of research efforts in area of process
monitoring and control for AM was provided. Defects of AM, and its related signal and sensing method were categorized and discussed. Different
control methods were reviewed and categorized according to its process type, control object and algorithm type. Furthermore, a framework of
automatic WAAM system was proposed based on literature review. The proposed automatic WAAM system consists of two modules: multiplesensor monitoring module and multiple-controller system. The proposed framework can help push forward the development of WAAM in both
research and industry.

7. Future outlook
In the future, more artificial intelligence technology should be applied in WAAM. For instance, deep learning based pattern recognized technology
could be utilized to achieve melting pool classification, surface defects inspection and other signals analysis. Reinforcement learning [119] could
be utilized to realize robot path autonomous planning, parameter optimization and process control for WAAM. With the development Industry
4.0, the concept of Internet of Thing could help to realize the unmanned workshops for WAAM and the manpower can be saved efficiently. The
concept of Big Data will help to realize the data sharing and processing, which could improve the CAD design, process optimization, and quality
control for WAAM.
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